More than 50% of water supplies in the conterminous United States originate on forestland or rangeland and are potentially under increasing stress as a result of larger and more severe wildfires. Little is known, however, about the long-term impacts of fire on annual water yield and the role of climate variability within this context. We here propose a framework for evaluating wildland fire impacts on streamflow that combines double-mass analysis with new methods (change point analysis, climate elasticity modeling, and process-based modeling) to distinguish between multiyear fire and climate impacts. The framework captures a wide range of fire types, watersheds characteristics, and climate conditions using streamflow data, as opposed to other approaches requiring paired watersheds. The process is illustrated with three case studies. A watershed in Arizona experienced a +266% increase in annual water yield in the 5 years after a wildfire, where +219% was attributed to wildfire and +24% to precipitation trends. In contrast, a California watershed had a lower (−64%) post-fire net water yield, comprised of enhanced flow (+38%) attributed to wildfire offset (−102%) by lower precipitation in the post-fire period.
timing of significant change in the location and scale of a time series rather than relying on a second variable like the double-mass analysis and has been applied in various climate and hydrological studies (Yang, Chen, Xu, & Zhang, 2009; Huang, Xia, Guo, & Yang, 2014; Matsuyama, Marengo, Obregon, & Nobre, 2002; Vivès & Jones, 2005; Caldwell et al., 2016) . The simultaneous effect of climate variability on streamflow can be filtered with a climate elasticity model (CEM; Schaake, 1990; Sankarasubramanian, Vogel, & Limbrunner, 2001 ) that expresses the rate of streamflow change as the rate of change of a set of climate parameters, such as precipitation and temperature (Fu, Charles, & Chiew, 2007) or precipitation and potential evapotranspiration (PET) (Hao et al., 2015) . Biederman et al. (2015) found that the CEM with precipitation and temperature parameters was not a significantly better model than the CEM based on precipitation alone.
Despite the large number of studies conducted in California, the Southwestern United States, the Rocky Mountains, and the Southeastern United States, current knowledge about fire impacts on annual water yields in the United States is fragmentary and based primarily on only a small number of experimental watersheds in the western states. The restricted set of fire properties, watershed characteristics, and climate patterns in these watersheds limits the understanding of the broader range of possible relationships and effects, and the question then is (1) how to adequately combine hydrological data and methods in order to detect impacts of local fires on water yields at the watershed scale and (2) how to distinguish these fire impacts from the effects of other watershed disturbances.
| Objectives and approach
The objective of this study was to develop and demonstrate a general framework for the assessment of wildland fire impacts (wildfire and prescribed fire) on watershed annual water yields by separating the effects of local fires from the effects of climate variability and other watershed disturbances. This framework responds to the need to incorporate wildland fire effects into the assessment of water supplies in order to adapt planning efforts to the resilience of local water supplies to fire impacts (Martin, 2016) and answers to calls for a useful tool of fire impact assessment in addition to existing pyrogeographic frameworks (Bowman, O'Brien, & Goldammer, 2013; Krawchuk & Moritz, 2014) . It relies only on local climate and streamflow data, using pre-disturbance and post-disturbance streamflow data as opposed to alternative approaches relying on watershed pairs, and combines the classical techniques of double-mass and flow duration analysis with recent techniques including change point analysis, climate elasticity modeling, and process-based hydrological modeling. A non-exhaustive demonstration of this framework includes three case studies on watersheds in three different physiographical regions of the CONUS, that is, South Carolina (with annual prescribed burning), Arizona, and California (both with wildfires). Special consideration was given to the South Carolina watershed, where we used the change point model to detect and characterize multiple types of disturbance in the streamflow data.
| METHODS

| Framework for evaluating wildland fire impacts on streamflow
The framework for evaluating the impacts of hydrologic disturbance in watersheds consists of five methods that address various aspects of hydrological changes and disturbances evaluated for a multiyear post-disturbance period with respect to a reference period. The CPM (Hawkins et al., 2003; Hawkins & Zamba, 2005) can detect change points in a continuous time series corresponding with an unidentified disturbance such as wildland fire. An undisturbed continuous time series of streamflow may be assumed to follow a single distribution F 0 ; however, if a change point exists, the time series will follow a distribution F 1 prior to the change point and a distribution F 2 after the change point, where F 1 ≠ F 2 . Consequently, we defined the null hypothesis for a streamflow series without change points as follows (after Hawkins & Zamba, 2005; Ross, 2015) :
where discharge Q at any given moment i follows one single distribution F 0 , which is a function of Q and a set of parameters θ 0 . The alternative hypothesis was defined as follows:
where Q i follows distribution F 1 defined by parameter set θ 1 prior to change point τ and distribution F 2 afterwards with a different set of parameters θ 2 .
The null hypothesis was tested by running through the entire time series and calculating the non-parametric two-sample Lepage (L) statistic at each time step and evaluating the differences between the parts of the time series before and after every potential τ. Lepage combines the Mann-Whitney (or Wilcoxon rank sum) statistic (denoted U) for detecting location shifts with the Mood statistic for detecting scale Lepage, 1971) :
Refer to the Appendix for the formulations of U and M. A change in streamflow was detected when L exceeded a critical value h t corresponding with a given significance level (α = 0.05) total sample size n.
Lepage-type tests do not require any knowledge of the underlying distribution of observations and provide greater statistical power than the Mann-Whitney, Chi-square and student's t-test statistics (Hirakawa, 1974; Lloyd, Freer, Collins, Johnes, & Jones, 2014) . Applications include the detection of abrupt changes in precipitation (Matsuyama et al., 2002; Vivès & Jones, 2005) , sunshine rate (Inoue & Matsumoto, 2007) , streamflow (Yang et al., 2009) , and the evaluation of the impact of reservoirs (Huang et al., 2014) . Calculations were performed using the cpm software in R (Ross, Tasoulis, & Adams, 2011; Ross, 2015; R Core Team, 2014 streamflow data to confirm the existence of a break point in the precipitation-streamflow relationship indicating a change in water yields.
First, two linear models (the unrestricted models) were fitted to the reference and post-disturbance periods separately and one linear model (the restricted model) was fitted to the pooled data for both periods. Subsequently, a Chow test was performed to evaluate the equality of model coefficients of the unrestricted models versus the restricted model. Monthly data were used to allow a more precise separation of reference and post-disturbance data, which was necessary given a variable seasonal timing of disturbance events in different watersheds. See Appendix for equations.
2.1.3 | Characterization of changes in precipitation duration and flow duration (precipitation duration curve and flow duration curve)
In order to characterize and visualize changes in the time distribution of precipitation and streamflow between the reference and postdisturbance period, we calculated the reference and post-disturbance PDCs and FDCs for each watershed according to the flow duration principle (Foster, 1934; Vogel & Fennessey, 1994; see Appendix) . Precipitation duration curves were calculated from Daymet precipitation aggregated to the watershed scale, and flow duration curves were calculated from the USGS GAGES-II daily streamflow data. We then identified changes in the number of precipitation days (or "rain" days) >1 mm and the number of extreme precipitation days with ≥50.8 mm (Karl, Knight, & Plummer, 1995) .
2.1.4 | Attribution of changes in streamflow to climate variability and watershed disturbance using the climate elasticity model
The CEM was used to identify the portion of change in mean annual streamflow attributed to climate variability as opposed to the change caused by a disturbance. We calculated for each watershed a reduced one-parameter model (CEM 0 ) and a two-parameter model (CEM 1 ).
The one-parameter model was formulated as (Schaake, 1990; Sankarasubramaniam et al., 2001 )
and the two-parameter model as
where the change in mean annual streamflow as a fraction of mean annual streamflow during the reference period dQ=Q 0 is a linear function of the relative changes in mean annual precipitation dP=P 0 and potential evapotranspiration dPET=PET 0 . Parameters α and β were fitted to the data of the reference (pre-disturbance) period.
In order to derive the contribution of watershed disturbance, or more specifically fire disturbance in the case of the AZ and CA watersheds, we assume that the observed change in streamflow (ΔQ)
is comprised of a climate induced change (ΔQ clim ) and a component attributed to the hydrologic disturbance (ΔQ dist ) (Wei & Zhang, 2010; Hao et al., 2015) :
Next, the one-parameter and two-parameter CEMs of change in streamflow were evaluated with the corrected (small sample) Akaike's information criterion (AIC c ) (Sugiura, 1978; Hurvich & Tsai, 1991;  definition given in the Appendix). (Caldwell, Sun, McNulty, Cohen, & Moore Myers, 2011) , effects of urbanization and water withdrawals on streamflow (Caldwell, Sun, McNulty, Cohen, & Moore Myers, 2012) , impacts of dairy production on water scarcity (Matlock et al., 2013) , and drought effects in national forests (Sun et al., 2015a (Burnash, Ferral, & McGuire, 1973; Burnash, 1995) Kenny & Juracek, 2012) . A complete description of the WaSSI model can be found in Sun et al. (2008 ) and Caldwell et al. (2012 .
2.1.6 | Navigating the framework
The methods described above were integrated into one framework for evaluating the impacts of hydrologic disturbance in watersheds (Figure 1 ). There are multiple routes to navigate the framework, depending on available data and the nature of these data for a given watershed. For watersheds with a single fire disturbance in the evaluated period, the ignition date (if known) can be used to separate the reference and post-disturbance periods and no CPM is needed. 
| Climate data
Monthly climate precipitation was obtained from the PRISM gridded dataset (Spatial Climate Analysis Service, 2004) and scaled to the watersheds for the purpose of subsequent analysis in the change point analysis, double-mass analysis, attribution analysis, and hydrologic simulations. Daily precipitation was extracted from the gridded Daymet dataset (Thornton et al., 2014) and scaled for the precipitation and flow duration analysis. Monthly PET was calculated using Hamon's method as a function of monthly aggregated (mean) air temperature and day length (Hamon, 1961; Sun et al., 2011) .
| Fire data and vegetation index
The were used to characterize the burn severity within the watersheds, after which we determined the temporal evolution of MODIS normalized difference vegetation index (NDVI) for each burn severity class in percentage.
| Study watersheds
We selected three burned watersheds in different regions of the CONUS, each with a significant burned area to drainage area ratio (>5%) and a minimum drainage area of 25 km 2 , to demonstrate the proposed framework ( Figure 2 , Table 2 ). 3.1.3 | Attribution of streamflow change (climate elasticity model)
2.3.1
The one-parameter (precipitation) CEM 0 was retained at the expense of the two-parameter (precipitation and PET) CEM 1 for all three watersheds and evaluated periods (Table 3) (Table 3 and Figure 7a) . The difference between observed period, and lower precipitation was the dominant factor in both cases (Table 3 and Figure 7 ).
| WaSSI hydrologic simulation
The WaSSI simulated streamflow (Figure 8a ) confirmed the declining trend in streamflow found in the attribution analysis. The found date of April 1998 corroborates with the significant time interval found in the change point analysis. The increase in runoff coefficient with respect to the 10-year reference period was in the same order of magnitude. The effect of the wildfire was observed during the first winter, where the residual plot shows that runoff is nearly 400 mm more than expected. The runoff coefficient had not recovered to its pre-disturbance value 5 years after the fire in 2009, based on the increasing trend in the residual plot (Figure 6b ), or even as late as 2012 verified with additional analysis.
| Attribution of streamflow changes (climate elasticity model)
The 5-year CEM 0 predicted an increase in streamflow of 24 mm (+47%) corresponding to an increase of precipitation from 437 to 507 mm. This predicted increase in streamflow fell short of the observed increase of +134 mm (+266%), with the difference (+110 mm or +219%) representing the effect of the 2004 Willow Fire in this watershed. Although fire disturbance is responsible for a considerable increase in runoff, the effect was amplified by increased precipitation (Table 3 and Figure 7a ). Although the change in streamflow was much smaller evaluated over a longer period, relative contributions (Table 3 and Figure 7b ) of climate and fire disturbance were proportional to the changes observed relative to the 5-year reference period.
| WaSSI hydrologic simulation
The residual plot in Figure 8b Therefore, the WaSSI results for the CA watershed could not be interpreted for the purpose of disturbance analysis.
| DISCUSSION
The framework combines hydrological data and methods into a single procedure for the assessment of wildland fire impacts on water yields in single watersheds, and as such, presents a more practical assessment tool compared with traditional paired watershed analysis.
| Can the framework quantify wildland fire impacts on streamflow?
Yes, the framework uses CPM and DMC to detect changes in (Sugiura, 1978; Hurvich & Tsai, 1991) . Although the framework was designed to quantify effects of climate trends and wildfire disturbance, other types of disturbance can also be identified when the approximate dates of disturbance found by the CPM can be linked to known events. The modest increase in streamflow in the SC watershed attributed to non-climate factors could not be linked with individual-prescribed fires, which agrees with earlier observations by Troendle, MacDonald, Luce, and Larsen (2010) that low severity prescribed fires are unlikely to influence water yield, especially compared with the effects of high severity wildfires.
Estimates say that at least 20% of basal area of vegetation must be removed to cause any significant change in streamflow (Bosch & Hewlett, 1982; Stednick, 1996) . Prescribed burnings followed a regular pattern (small fires with low burn severity; Carolina Sandhills NWR, 1998; 1999); no wildfires were reported, and bark beetle activity was very low (Carolina Sandhills NWR, 1998; Carolina Sandhills NWR, 1999; South Carolina Forestry Commission, 1999) . Therefore, the change in streamflow was possibly the result of a combination of dam failure (Carolina Sandhills NWR, 1994; 1999) , beaver activity and 10-year reference periods, respectively. It will be useful to evaluate whether the inclusion of antecedent climate conditions (temperature days, precipitation, and snow water equivalents) and monthly variance of high resolution precipitation data (Hao et al., 2015) improves the CEM. Linking hydrologic disturbance directly to burn severity or MODIS NDVI may also help validate the attribution analysis, although the more complex disturbance patterns may necessitate a distributed ecological-hydrological model.
| Which climates work best with the framework?
The accuracy of the attribution analysis depends on the performance of models in the framework and may be considered acceptable for temperate, humid, and Mediterranean climates provided that annual water yield efficiencies (runoff coefficients) are approximately constant during the pre-disturbance and post-disturbance periods, FIGURE 8 Cumulative contributions of climate variability on streamflow simulated in WaSSI and (non-climate) watershed disturbance calculated as the difference between observed and simulated cumulative streamflow respectively. The precipitation-only based CEMs with the best performance in terms of AIC c (low value reflecting the greatest maximum likelihood for n observations) were obtained for the SC watershed (Table 3) , with values of AIC c = 6.16 (5-year reference) and AIC c = −2.45
(10-year reference). This is explained by the stable annual water yield (of 33%) and perennial streamflow resulting from year-round precipitation, which can be accurately represented in a linear CEM. CEM performance for the AZ and CA watersheds was lower (greater AIC c values) because of a greater seasonal and interannual variability in the precipitation-streamflow relationship associated with snowmelt (AZ) and El Niño effects (CA). Notwithstanding, snow is the dominant hydrologic input in much of the western United States (Rocky Mountains, Sierra Nevada, and Cascade Ranges), and therefore, snow processes (annual snowfall, snowmelt, and sublimation) are important controlling factors of streamflow disturbance in this area (Troendle & King, 1985; Harpold et al., 2014) . Long-term and short-term drought is common in regions like Southern California, Nevada, and other parts of the Southwest, where it represents a contributing factor to wildfire and affects streamflow (Littell, Peterson, Riley, Liu, & Luce, 2016) .
Hydrologic response to wildfire is highly nonlinear in snow-dominated, arid, or drought-affected systems, and under such conditions, the framework would benefit from a more physically based nonlinear CEM.
| What are some limitations of the framework?
Other limitations are related to the way in which the attribution analysis identifies disturbance effects. Fire impacts vary with burn severity, which affects the amount of leaf area reduction. High burn severity reduces evapotranspiration drastically, increases net precipitation, and leaves the soil exposed to direct rainfall impact (Winkler et al., 2010) . Post-fire soil surface sealing and heat-induced soil water repellency change the amount of runoff generated along the hillslope (Larsen et al., 2009; Ebel, Moody, & Martin, 2012) , while the spatial sequence of burned areas controls how much of the generated runoff is transported downhill (Moody et al., 2016) . Storm flow studies emphasize the importance of the organization of flow paths on the timing of flow delivery at the base of the hillslope (Hallema & Moussa, 2014; Hallema, Moussa, Sun, & McNulty, 2016) and the watershed (Hallema, Moussa, Andrieux, & Voltz, 2013) ; however, the framework lumps all these effects together. This eliminates the possibility to evaluate wildland fire impacts on individual hydrological processes (e.g., infiltration and storm flow generation) but also creates the possibility to evaluate wildland fire effects on a much wider range of watersheds.
4.5 | Why not use either change point model or double-mass curve to evaluate disturbances instead of both?
The CPM and DMC were used to evaluate slightly different types of disturbances and are complementary tools in the framework. The CPM was used to detect observed changes in streamflow, while the DMC was used to evaluate changes in water yield efficiency (streamflow expected based on precipitation). This is necessary because wildfire and precipitation trends can partly cancel each other out (CA watershed) in which case streamflow data alone may not be sufficient to find the timing of the disturbance. On the other hand, the CPM can detect multiple disturbances (with the Lepage test), where the classic DMC approach evaluates only one disturbance at a time (F test). Therefore, the inclusion of both CPM and DMC offers the best chances of finding all significant disturbances. The disadvantage of CPM is that the Lepage statistic for intermittent or ephemeral streamflow series will rarely be significant (L > h t given α) if there are many months out of the year with zero flow.
| CONCLUSIONS
A framework was presented for the assessment of wildland fire impacts on annual water yields in watersheds. This framework uses a change point model to identify and assess multiple disturbances where existing and a climate elasticity model to determine the contributions of climate variability and wildland fire to streamflow changes over a multiyear period. Case studies showed that the framework can detect delayed hydrological responses to wildfire and establish whether wildfire enhanced or attenuated streamflow regardless of precipitation trends during the period of evaluation (AZ and CA watersheds). In the third case study (SC watershed), change in streamflow could not be linked to prescribed fire but was chiefly attributed to a declining trend in precipitation.
Based on the outcomes, we conclude that the framework has a potential to capture the streamflow impacts of wildfires, prescribed 
Mood statistic
The Mood statistic M is given by (Mood, 1954; Ross et al., 2011 )
where
where μ M' and σ M' 2 are the mean and variance of the Mood statistic, respectively.
Precipitation duration (PDC) and flow duration (FDC)
The FDC is the complement of the cumulative distribution of streamflow that shows the percentage time of a given streamflow was equaled or exceeded during the period of evaluation. This percentage represents the probability of exceedance p of a given discharge Q, where p is defined by (Foster, 1934; Vogel & Fennessey, 1994 )
Each set of climate and watershed characteristics yields a unique 
Break point detection in DMC with the Chow test
The first step in detecting a break point in the DMC was to calculate the cumulative streamflow and precipitation for the reference and post-disturbance cumulative data. Next, we determined the DMC by fitting two separate linear models (the unrestricted models) to the ref-
erence and post-disturbance periods and estimated the cumulative runoff as follows:
where the subscripts 1 and 2 correspond with the reference and postdisturbance periods, respectively, parameters a and b were fitted using the least squares method, and ε represents the residual error. Note that in order to obtain a continuous unrestricted DMC, the linear model for the post-disturbance period was forced through the break point approximated by the model for the reference period.
The following step was to fit the restricted linear model to the pooled data for both periods. This restricted model was defined as follows:
If there is no break point in the DMC it follows that
This was evaluated by testing whether the differences in sums of squared residuals from the unrestricted model and the restricted model were statistically significant using the Chow test (Chow, 1960; Fisher, 1970) .
The Chow statistic was calculated as follows (Chow, 1960; Fisher, 1970) :
with SSE 0 as the sum of squared errors for the restricted linear model representing the DMC for the pooled data, SSE 1 and SSE 2 as the sum of squared errors for the unrestricted linear models for the reference and post-disturbance periods, respectively, K as the number of regressors and n as the number of samples.
Corrected Akaike's information criterion
The corrected (small sample) Akaike's information criterion (AIC c ) was calculated as follows (Sugiura, 1978; Hurvich & Tsai, 1991) :
where n is the number of observations, L k is the maximized log-likelihood, and k is the number of parameters in the climate elasticity model.
The AIC c is based on Akaike's information criterion (Akaike, 1973) and imposes a greater penalty for extra parameters, thus decreasing the probability of overfitting the climate elasticity model as a result of adding too many parameters.
Precipitation duration and flow duration curves South Carolina watershed
Mean annual precipitation in the SC watershed was lower in the postdisturbance period (Table 3) , and the number of precipitation days (p{P d ≥ 1 mm}) decreased from 113 to 101 days/year on average (exceedance p = .31 and p = .28, respectively; left panel in Figure 9a ). 
Arizona watershed
Precipitation in the AZ watershed increased from 437 to 507 mm in the post-disturbance period (Table 3) , and the mean annual number of precipitation days likewise increased from 45 days 
California watershed
The CA watershed received less precipitation during the post-disturbance period, 342 mm compared with 453 mm in the reference period (Table 3) Precipitation duration curves (PDCs) based on Daymet daily precipitation data aggregated to the watershed scale for the 5-year periods before (dashed) and after disturbance and corresponding flow duration curves (FDC) based on daily USGS GAGES-II streamflow data
